This paper presents a novel method for deducting propensities for social exchange between individuals based on the choices they make, and based on factors such as country of origin, sex, school grades and socioeconomic background. The objective here is to disentangle the effect of social ties from the other factors, in order to find patterns of social exchange. This is done through a control-treatment design on analysing available data, where the 'treatment' is similarity of choices between socially connected individuals, and the control is similarity of choices between non-connected individuals. Structural dependencies are controlled for and effects from different classes are pooled through a mix of methods from network and meta-analysis.
Introduction
Through register data, we have access not only to demographic variables, but also to individual choices. Such information has been used to study behavioural patterns and societal outcomes, such as segregation. But there is more information that could be derived from large registers, which would be crucial when targeting the mechanisms behind choices. This paper presents a novel method for deducting propensities for social exchange between individuals based on the choices they make, and based on individual traits such as country of origin, sex, school grades and socioeconomic background.
Specifically, this paper uses upper secondary school data from Swedish registers. For their second year, students choose a specialisation within their study programme, not only determining what they will study, but also, indirectly, which students will remain their classmates. Choice data are thus influenced not only by socioeconomic background and personal interests, but also by social exchange in class, including a preference for remaining together.
The purpose of the method presented here is to isolate the effect from social exchange at the aggregate level. We will not be able to reconstruct the actual social networks, but we can characterise the propensities for social ties based on other variables. As a result, and to illustrate potential uses of the method, we will address the following questions: Are social ties more prevalent among immigrants from the same country? Do boys and girls differ in this respect? Do we have social clustering based on academic performance?
The method is presented in detail, with robustness checks, in a recent paper [1] . There, the method is tested on Norwegian upper secondary school register data, and it is found that social ties are more likely to form between immigrant students from the same country. This tendency is slightly more evident among girls. There are also small, but significant, effects related to parents' education and income.
The main purpose here is to introduce readers to the method, including R code for using it, and using demonstration by example to replicate the method for Swedish register data. We will compare the propensities for social ties between immigrants from the same country between Sweden and Norway. Apart from replication, we will make longitudinal comparisons to see whether any such propensities have remained stable over time, and, going beyond ethnicity, we will also test whether having similar grades is a possible predictor of increased social exchange.
Background
National registers give us the demographic information needed to identify segregational patterns in society. The purpose here is to characterise these patterns at the microscale, and by help of indirect methods find associations between shared individual traits and social exchange, in this case within school classes. Such patterns, if consistent over time, can directly aggregate to segregation in society at large, and also lead to even higher levels of segregation, given that homogeneous friendship networks influence the exchange of information and ideas, preferences for where to live and opportunities for work. For example, an early illustration of how relatively moderate small-scale preferences for homogeneity can lead to large clustering was given in Schelling's model of residential segregation [2] . Even small effects could scale up through feedback processes.
There have been recent approaches to identify small-scale segregation in schools, one prominent example being the CILS4EU dataset [3] , asking children of immigrants to name friends directly. For an overview of this and related work, see Jansson et al. [1] . This paper will also move beyond ethnicity and country of origin, and look at academic achievement as a possible trait influencing social clustering. Early work has suggested that having similar achievement levels is associated with maintaining friendship ties among school children [4, 5] , even to the extent that it may explain ethnoracial ties [4] . More recent work has approached the challenge of disentangling cause and effect: do students cluster based on performance, or perform based on their clusters? There is evidence of both, showing that outcomes are influenced by peer effects [6, 7] , but also that friendship ties are formed based on academic outcomes [8, 9] . As expected from this, it has been demonstrated that networks and behaviours co-evolve [10] .
From previous results, we would expect the method to detect increased social exchange based on similarity in traits based both on country of origin and grades. A difference between studying friendships in general and restricting the study to the classroom setting is that in the latter case there is more opportunity of contact disregarding background, which may influence formation of social ties. The most important contribution, though, is to find a method that can make use of existing information on actual behaviour, such as register data, to infer social ties, since collecting data on stated preferences, as in the cited work, is costly and difficult on a large scale, and subject to misreporting from students.
Method
The method will be illustrated using the example of school classes, but can be generalised to cases where data allows us to make a control-treatment design over dyads (pairs of individuals), such that we can pair subjects both to other subjects between which the treatment is in effect (in this case social exchange) and to similar subjects between which it is not (in this case no social exchange). Similarity means that all variables that need to be controlled for should be the same between the subjects.
The method has been implemented in R, and the code, with documentation and details on the algorithm, is available at:
The focus here will be on concept and how to use the method. For details, see the code and Jansson et al. [1] .
The fact that the unit of analysis is dyads introduces several methodological challenges, which require a multi-step method. The general steps are first to use register data to construct predictor and outcome networks (in this case based on sharing country of origin versus making the same choices) including the treatment and networks excluding it, for all classes. The next step is to combine them into one measure, and to control for statistical dependencies, which are frequent in this kind of dyadic data. Finally, the net effect between treatment and control measures is computed, to isolate the effect from the treatment (social exchange).
Treatment: constructing origin and choice networks with social exchange
For the treatment design, we will compute the correlation between two networks, where the nodes are the students. These are not social networks, but networks based on similarity in parameter values for the students.
The first network represents similarity in an individual trait, say, country of origin. Two students are connected if they are from the same country. Instead of dichotomous similarity (either students have a tie or not), the connections could be weighted according to some distance measure, for example, to assign stronger ties between students from culturally similar countries. To demonstrate the use of both types of measure, the analysis here will include the two of them (dichotomous for countries, scale for grades).
For the same individuals, the second network represents similarity in choices, here, choice of specialisation within a study programme. Two students are connected if they made the same choices.
Combining data from several classes
By constructing a pair of networks for each class, we will have N (network, or graph) correlations between these pairs. These can be combined into one weighted mean over all classes by using meta-analytic tools (for an overview, see Borenstein et al. [11] ; means are computed over Fisher transformed values [12, 13] ). This will give us a combined measure of whether sharing country of origin is associated with making similar choices.
Controlling for statistical dependencies
However, there are several statistical dependencies in dyadic data. For example, if individuals a and b have made the same choice, while b and c have not, then a and c cannot have made the same choice either. The dissimilarity between a and c will play into our correlation measure, even though it is completely dependent on other choices. One way to account for these dependencies is to use the quadratic assignment procedure [14] to find distributions of correlation coefficients generated by using the choices students actually made, but instead assigning them randomly to all students. By generating, say, 1000 such random networks, for each class, we can find out the distribution of correlation coefficients to expect if there is no effect at all. The actual correlation coefficient will be considered significantly different from random allocation of choices if it is greater than at least 95% of the correlation coefficients generated from random allocation.
Control: Constructing origin and choice networks without social exchange
For the control design, to isolate the effect from social exchange in class, we can make a similar analysis including the same students, but looking at dyads where students are likely not to have social contact, and, more importantly, where their mutual choices do not influence whether they will be in class together.
To make conditions as similar as possible, we can compare students with other students at the same school and programme, but from different cohorts. Reiterating the previous process, this provides a measure excluding social exchange, to be compared with the previous measure, including social exchange.
As a note of caution, there is, of course, also a possibility for social exchange between classes, and these comparisons may include siblings. However, this should not reduce our confidence in a detected effect (but it might increase the risk of a false negative), since the expected effect from social influence is that the correlation would increase, meaning that the control case might be overestimated, and the net effect thus underestimated. Also, only in the treatment case do choices influence whether the matched individuals will go to class together.
Computing the net effect with and without social exchange
Finally, the difference is computed between the first, 'treatment', and the second, 'control', measure, and compared with the difference in distributions under random allocations, to isolate the net effect.
Data
The method will be demonstrated for Swedish register data on students in upper secondary school, starting their first year during 1999-2010, and choosing a specialisation within their programme, at the same school, the following year. In Sweden, you choose a study programme among a number of academic (the most common ones being natural sciences and social sciences) and vocational tracks for your entire three years in upper secondary school. Most of the classes are taken with the same group of students. For the second year, you choose a specialisation within the programme, and it is common that you will then belong to a class within that specialisation. Choosing a specialisation is thus not only a matter of academic interest, but also one of choosing potential classmates.
To keep conditions as identical as possible, the between-year measure is not computed over the entire time period, but instead there are three separate analyses for three four-year periods (1999-2002, 2002-2006 and 2007-2010) . Carrying out several analyses also provides us with robustness checks. For example, there may be an effect of different characteristics between cohorts, owing to migration waves; through a longitudinal analysis, we can compare measures to see whether they are consistent over time.
When looking at country of origin, only the immigrant part of the population is included (total N = 77,908 , but not all are included in dyads with students sharing origin). When the independent variable is instead grades, natives are also included (total N = 1,087,392 , but for this study only a subsample is used). Data are merged from three databases (per year) from Statistics Sweden, with the variables sex and country from a background register (Bakgrundsdata), school, track and class year from an annual upper secondary school register (ElevGymn) and average grade from an annual graduation register (AvgGymn).
results
The left panel of Figure 1 shows weighted average correlations (from a random effects meta-analysis) between making similar choices and students' country of origin. The curve shows the simulated probability distribution of correlation coefficients when students choose randomly, and the dashed line shows the empirical correlation. If the line is to the right of the 95th percentile of the area under the curve, then the correlation is significant.
Including social exchange, within classes, the empirical coefficient is 0.034 (number of students N = 27,958 , number of classes n = 3,032 ), and excluding social exchange, between classes, it is 0.0072 ( N = 40,215 , n = 1,869 ), neither of which is attained at all in random allocations. The empirical correlation between classes is an underestimate of the effect, since, in random allocations, the correlation is expected to be slightly negative, meaning that the distance from most random allocations is larger than 0.0072. However, the difference between the two measures, 0.027, is also greater than all of the random allocation differences, suggesting a significant added effect from social exchange.
The corresponding coefficients (all p < 0.001 unless otherwise stated) for 1999-2002 separately are 0.029 (within), 0.0027 (between, p < 0.01) and 0.026 (difference); for 2003-2006 they are 0.039, 0.0097 and 0.030; and for 2007-2010 they are 0.037, 0.012 and 0.025 (p≈0.01).
For a robustness check, restricting the study to only large classes (at least 50 students in the programme, at least 10 students in each included specialisation) or to only academic programmes (natural or social sciences) produces similar results, with little variation. The smallest difference measure is 0.022 and the largest is 0.025 (between 0.021 and 0.030 looking at all four-year intervals separately). The results thus seem to be robust to variation in class sizes, and are not specific to academic or vocational tracks.
If instead we restrict the study to only boys, the coefficients are 0.036 ( p < 0.001 ), 0.0049 (p ≈0.05) and 0.031 (p ≈0.001), while for girls, they are 0.042 (p < 0.001), 0.0023 (p ≈0.068) and 0.040 (p < 0.001).
The effects appear to be slightly larger within sexsegregated groups, and are slightly more evident among female students.
While sharing country of origin is a dichotomous variable, having similar grade point averages is a scale variable. For this variable, we can instead assign a weight, based on the distance between the respective grade point averages of the students, to each tie in the personal characteristics network, and correlate these to the existence of ties in the choice network. The results over the years 1999-2006 are given in the right panel of Figure 1. (The period 2007-2010 is excluded, since the data do not extend into 2012, when all grades were completed.) In this analysis, natives are also included. To avoid computational overload, a convenience sample is used, including only schools whose ID (SkolKodLopNr) ends with zero.
The results are highly similar to those for origin. One difference, though, is that when we restrict the analysis to academic programmes, the between-class measure, 0.022 ( N = 33,364, n = 323 ), is almost as large as the within-class measure, 0.029 (N = 29,582, n = 918 ). Does this imply, then, that having similar grades and choosing the same specialisation within academic programmes can be explained completely by non-social factors, such as having similar socioeconomic backgrounds? Figure 2 shows the distributions generated by random allocation; under the null hypothesis, the correlation coefficient is expected to be around 0 within classes, but 0.01 in between-class comparisons. It seems that the increased between-class coefficient is rather a result of necessary ties based on network structure, and that the difference measure is still significant. This illustrates the importance of carrying out the quadratic assignment procedure and comparing the correlation coefficient with the null distribution. However, the difference between the within-and between-class cases in the right panel in Figure 1 is mainly driven by vocational programmes: as seen in Figure 2 , the between-class effect is smaller and the within-class effect larger for vocational than academic programmes.
conclusions This paper presents a novel method for deriving measures of social clustering from data on choices where a control-treatment design can be set up, such as school register data. We found evidence of increased social exchange between students having the same country of origin. This replicates findings from Norwegian register data, though with lower correlation coefficients. From this, however, it cannot be concluded that segregation is larger in Norwegian school classes, since the distributions under random allocations are also wider in the Norwegian case, possibly as a result of smaller amounts of data.
In general, owing to strong dependencies in this kind of data, over dyads and with few choices, the sizes of correlation coefficients are hard to interpret. Not only do we need to consider correlations from random allocations alone, but the coefficients are also upper-limited to values well below 1. According to the hypothesis, a tie in the origin network predicts a tie in the choice network, but not the other way round; in fact, it is even theoretically impossible for this to happen often when there are generally only around two or three available choices, but many countries of origin; yet, it is necessary for achieving a high correlation coefficient. Thus, the measured correlation coefficient alone of 0.034 does not mean that we can induce that the effect is small, only that there is an effect. Also, classes were here defined as entire cohorts rather than the actual smaller groups (since data contains only year and programme, not subdivisions into classes), which probably makes the measure more conservative.
As yet, there is no rule of thumb for what constitutes a large effect under what conditions. To further put the effect size into perspective, however, a numerical way to find the maximum correlation is to modify the data such that it fits perfectly with the hypothesis that students with the same country of origin always make the same choice. Altering the choices in this way (such that all students in a class from the same country choose what the majority of the students in the class from that country actually chose) produces a correlation coefficient of 0.37.
Computing the difference within classes for the effect size versus the simulated effect size, their means differ by 11 (between classes 6.6) standard deviations of the simulated data, so the effect is very large compared with what can be achieved under the null hypothesis.
The method also allows for using other statistical measures besides the graph correlation. For example, within classes, the weighted average odds ratio for making the same choice, comparing pairs of students from the same to those from different countries, is 1.55 ( p < 0.001 , under the null hypothesis µ ≈ 1.26, σ ≈ 0.042, including only classes where odds ratios could be computed), so students sharing origin choose similarly 55% more often. Between classes, it is only 1.08 ( p < 0.001 , under the null hypothesis µ ≈ 1.01 , σ ≈ 0.015 ).
Moving beyond replication and country of origin, we also saw that having similar grades is associated with social clustering. The distributions were remarkably similar to the case of origin, but the measures can still not be compared directly, since similarity in grades is a scale variable, here defined from the linear distance in average grade between each pair of individuals.
Since peer effects on achievement are positive from high-performing and negative from low-performing students, social clustering based on performance can have long-lasting effects, where strong and weak students are increasingly reinforced in their respective behaviour. Meanwhile, the peer group effect is nonlinear, such that increment in achievement decreases with average class performance, and mixing students of different performance would benefit weak students to the extent that average performance increases [15] . Even small effects could potentially initiate a self-reinforcement process. Identifying and understanding the mechanisms behind performance-based clustering, in further studies, may thus have policy potential. Even though we could not isolate cause and effect between social exchange and performance, given the ability to infer ties from large amounts of already available data, we have the opportunity to conduct a longitudinal analysis of, for example, the development of grades and the evolution of propensities for social ties.
Given that the results for country of origin were largely replicated, the robustness checks in Jansson et al. [1] , and the stability over time, with all conditions expected to be similar, the method seems to be reliable. The validity hinges on whether the difference between the control and treatment cases includes only social exchange. It may not always be easy to construct such cases from available register data, but the upper secondary school data are particularly apt, given that school classes are controlled settings, with clear cohorts, and similar conditions between cohorts.
Further development of the method includes making measures more quantitatively comparable and generalising the method to allow for multivariate analysis; for example, in this study, to allow for simultaneously including and isolating effects from origin, sex and grades.
